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Abstract

This systematic literature review explores the intersection of Artificial Intelligence (Al) and
Predictive Maintenance (PdM) within Industry 4.0. Using a PRISMA-based methodology,
123 studies published between 2014 and April 2024 were analyzed to characterize techno-
logical trends, algorithmic choices, industrial applications, and evaluation practices. The
review reveals a consistent growth of research interest, driven by the widespread adoption
of Internet of Things (IoT) devices and increased data availability. The manufacturing
sector dominates the literature, although most studies rely on standardized datasets rather
than real industrial environments. Among the identified AI methods, Random Forest
(RF), Support Vector Machine (SVM), Decision Tree (DT) and K-Nearest Neighbors (KNNNs)
represent the most frequently applied algorithms for tasks such as failure prediction, fault
detection, and remaining useful life (RUL) estimation. Model performance is commonly
evaluated with Accuracy (Acc), Precision, Recall, F1-Score, and Root Mean Square Error
(RMSE), reflecting the prevalence of both classification and regression-based PdM analy-
ses. Despite significant advances, this review identifies persistent gaps, including limited
domain diversity, scarce long-term real-world validation, and insufficient use of eXplain-
able AI (XAI) techniques. The findings highlight the need for broader domain coverage,
improved interpretability, and validation under realistic industrial conditions. Overall, this
review consolidates current knowledge on Al-enabled PdM and outlines critical directions
to enhance reliability, transparency, and industrial relevance in the context of Industry 4.0.

Keywords: Artificial Intelligence; machine learning; XAI; predictive maintenance;
Industry 4.0; Smart Industry

1. Introduction

Industrial systems depend on the continuous availability of machines and equipment
to ensure productivity, quality, and safety. Within this context, maintenance is a critical
operational function. Among the available maintenance strategies, predictive maintenance
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(PdM) has gained particular relevance as it supports the reduction in unplanned downtime,
maintenance-related costs, and productivity losses [1,2].

Predictive maintenance is defined according to EN 13306:2021 [3] as maintenance
based on the repeated assessment of an asset’s condition through the monitoring and
analysis of relevant parameters, to predict degradation and determine the most appropriate
time for intervention. Thus, PAM continuously monitors machine or equipment parameters
and conditions to detect early signs of degradation before failures occur, thereby preventing
the machine’s unexpected downtime and consequent costs.

Technological advances over the years have allowed the improvement of continuous
monitoring of equipment, generating large volumes of operational data that, when properly
analyzed and interpreted, support the development of more effective PdM strategies.
This data-intensive environment has contributed to the emergence of Industry 4.0 [4]. In
industrial systems, data can be collected from different equipment in distinct locations.
This information can include events, alarms, parameters, and other relevant data from a
single piece of equipment or the entire industry process. When analyzed using appropriate
methods, these data can support maintenance cost reduction, increased productivity, and
reduced failure occurrence [5].

Processing large volumes of industrial data and extracting decision-relevant infor-
mation is difficult without the support of computational tools such as Machine Learning
(ML) algorithms [6]. Therefore, Al-enabled PdM has emerged as a relevant approach for
detecting patterns in operational datasets and supporting maintenance decision-making [7].
Al refers to computational methods capable of learning from data, identifying patterns,
and supporting autonomous or semi-autonomous decision-making. Al includes several
methodological branches, such as ML, deep learning, pattern recognition, evolutionary
computation, and neural networks [8].

Beyond algorithmic advances, the relationship between Al and PdM in Industry 4.0
also depends on a broader technological ecosystem that includes Internet of Things (IoT)
sensor networks, cyber-physical systems (CPS), edge and cloud computing, digital twins,
and secure data infrastructures. These technologies promote continuous data acquisition,
model deployment, and closed-loop decision-making. Thus, the study of Al-enabled PdM
should not be limited to predictive performance alone, but should also consider inter-
operability, interpretability, scalability, and operational integration across heterogeneous
industrial systems.

2. Methodology

The main goal of this study is to identify and analyze the relationship between Al and
PdM in the context of Industry 4.0. To achieve this objective, a systematic literature review
protocol was followed to identify, screen, assess, evaluate, and synthesize relevant scientific
works [9]. This systematic review was conducted and reported in accordance with the
PRISMA 2020 guidelines [10] to ensure transparency, reproducibility, and methodological
rigor. The review protocol was designed to identify, screen, and analyze peer-reviewed
studies that address the application of Al techniques to PdM in the context of Industry
4.0. The overall review process, including the identification, screening, eligibility, and
inclusion stages, is summarized in the Figure 2, together with the PRISMA checklist in
Supplementary Material S1.

To support this study, the following Research Questions (RQ) were defined as shown
in Table 1.

The literature search was performed across major scientific databases commonly
used in engineering and computer science research, ensuring broad coverage of relevant
domains. In this context, four electronic databases were selected for research: B-On, Web
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of Science, Scopus, and Science Direct. To enhance reproducibility, the search string was
constructed by combining keywords related to PdM, Al, ML, and industrial applications
and was applied across the selected electronic databases, as shown in Figure 1.

Table 1. Research Questions.

Research Questions

RQ1 How has interest in these themes evolved over the years?

RQ2 What are the types of Industries most involved in this area?

RQ3 What are the most common Al algorithms applied in PAM?

RQ4 Which type of output are the studies focusing on?

RQ5 What are the most common performance evaluation measures used?

(“Machine Learning” OR “ML” OR “Artificial Intelligence” OR “AI”) AND (“Predictive
Maintenance” OR “Maintenance”) AND (“Industry 4.0” OR “Intelligent Factory” OR

“Intelligent Industry” OR “Smart Factory” OR “Smart Industry”)

Figure 1. Search string.

Although the review focuses on the analysis of published studies addressing Al
and PdM in Industry 4.0, it is important to highlight that this ecosystem has evolved
toward a more multidisciplinary configuration. Recent studies increasingly combine data-
driven models with domain knowledge, digital infrastructures, and human-centered design
considerations. This broader context is considered in the interpretation of the reviewed
studies, particularly when discussing explainability, deployment constraints, and future
research directions.

The inclusion criteria, summarized in Table 2, include articles published in journals
and conferences with open access between 2014 and 2024 (until April) related to the themes
in question in English and Portuguese, requiring studies which (i) focus explicitly on
PdM, (ii) employ Al-based or ML driven methods as central component of the approach,
and (iii) report validation results using experimental, simulated, or real industrial data.
The following screening and eligibility criteria were defined and applied throughout the
methodological stages.

Table 2. Screening and eligibility criteria.

Exclusion Criteria Description
Criteria 1 Only time scope between 2014 and 2024 (until April)
Criteria 2 Books, theses, dissertations, and reports
Criteria 3 Title screening
Criteria 4 Title, abstract, or keywords screening
Criteria 5 Quality assessment of the articles

As shown in Figure 2, representing the data retrieval through the PRISMA process, at
step 1, identification, 674 articles were obtained from electronic databases in open access
between 2014 and 2024 (until April) in English and Portuguese languages. Then, excluding
books, theses, dissertations, and reports, 539 articles were screened. After reading the
title, 428 articles were identified. 342 articles were selected after analyzing titles, abstracts,
keywords, and duplicate records. During the full-text assessment stage, 201 papers were
retained for detailed evaluation. After detailed eligibility assessment, 123 papers were
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accepted as the main studies of the research. As highlighted in this section, screening
was conducted in multiple stages, including title and abstract review followed by full-text
eligibility assessment. Study selection and methodological considerations were performed
through an iterative process. A qualitative quality assessment was applied to eligible
studies to support the interpretation of the results. Each study was evaluated according to
criteria related to clarity of the PAM objective, data origin, appropriateness of the selected
Al techniques, and depth of validation. This assessment did not serve to exclude studies
post hoc, but to contextualize their contribution and limitations within the synthesis.

\ Identification of studies via databases \

f
_§ Records identified from databases (n = 674):
g a;gbn o(fnS= ciﬁ?e (n=161) »| Records removed before screening:
£ Scopus (n = 210) Duplicate records removed (n = 77)
S ScienceDirect (n = 140)
—
v
P
Records screened ; Records excluded
(n=597) (n =225)
v
Reports sought for retrieval _ | Reports not retrieved
g (n=372) | (n=30)
[
:
5 v
Reports assessed for eligibility o
(n=342) | Reports excluded (n = 219)
Non-article document types (n = 135)
Not relevant after full-text assessment (n = 83)
Failed quality assessment criteria (n = 141)
~—
v
§ Studies included in systematic review
g (n=123)

Figure 2. PRISMA flow diagram data summarising the study identification, screening, eligibility, and
inclusion process (adapted from [10]).

Potential sources of bias were considered during analysis. These include the frequent
reuse of publicly available benchmark datasets, which enables methodological comparison
but limits generalization, reliance on simulated or laboratory data that may not reflect indus-
trial operating variability, sectoral concentration in specific manufacturing domains, and
publication bias toward positive results. These factors were considered when interpreting
trends and drawing conclusions from the revised literature.

The overall review process, including identification, screening, eligibility, and inclusion
stages, is summarized in the Figure 2, together with the PRISMA checklist.

3. Results and Discussion

After completion of the selection and filtering process throughout the defined criteria,
a final 123 scientific papers were obtained. As a part of the present study, the review and
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analysis covered those papers, and through a deeper analysis, it was possible to address
the formulated RQ.

RQ1—How has interest in these themes evolved over the years?

The overall results indicate a clear increase in research interest in Al-enabled PdM
over the analyzed period. As shown in Figure 3, the selected articles that connect PdM, Al
and Industry 4.0 in 2023 were 38, in 2022, 29, in 2021, 24 and in 2020, 11. The steady increase
in publications from 2014 to 2024 reflects a growing industrial and academic interest in
Al-driven PdM.

40
35
30
25
20
15

Number of articles per year

m 2017 2019 2020 m2021 m2022 m2023 m2024

Figure 3. The distribution of publications by year (only represented years with the selected studies).

Table 3 provides a detailed quantitative characterization of the selected studies over
time, including the number of publications, their relative proportion, and citation patterns.
This table enables a more comprehensive assessment of the evolution of Al-based PAM
research, not only in terms of volume but also in terms of scientific impact. By jointly
analyzing publication frequency and citation metrics, it becomes possible to identify shifts
in research intensity, maturity, and influence across different periods. In this context,
Table 3 supports the interpretation of the growth trend, highlighting that increases in
publication output do not necessarily correspond to proportional advances in impact or
practical maturity.

Table 3. Research by year (only represented years with the selected studies).

Year  No. Papers Papers (%) No. Citations Citations (%) Citations/Paper

2017 1 1 60 1 60.0
2019 7 6 471 12 67.3
2020 11 9 508 13 46.2
2021 24 20 868 22 36.2
2022 29 24 795 20 274
2023 38 31 997 25 26.2
2024 13 11 325 8 25.0
Total 123 100 4024 100 36.2

This trend may be associated with the proliferation of IoT devices, increased data
availability, and the push for digital transformation across sectors. Although the growth of
publications demonstrates rising interest in PdAM models supported by Al, the temporal
evolution exposes a gap in longitudinal, real-environment studies, especially in sectors
outside manufacturing. Most of the research relies on short-term datasets or controlled
conditions. This limits the ability to assess model stability, degradation, and interpretability
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when exposed to years of operational variability. To address this gap, future research should
develop multi-year, domain-specific studies in the maritime industry, where operational
conditions are highly dynamic and safety is critical. However, growth is not uniform, and
external factors such as global economic shifts or technological maturity cycles may have
influenced publication rates.

These findings establish the contextual basis for subsequent research questions by
showing that increases in publication volume do not necessarily imply proportional
advances in practical maturity, robustness, or integration into maintenance decision-
making processes. Future research could benefit from correlating publication trends with
policy developments.

RQ2—What are the types of Industries most involved in this area?

The distribution of application domains in the reviewed literature, as shown in Table 4,
reveals structural patterns rather than a diversity of use cases. The predominance of studies
classified under a ‘Sector-unspecified Industry 4.0 context’ (48%) reflects the dependency on
publicly available benchmark datasets and standardized experimental frameworks. These
datasets, often derived from controlled environments such as turbofan engines or bearing
systems, provide structured and labeled run-to-failure trajectories that enable reproducible
benchmarking and comparison of algorithms, particularly for temporal modeling and RUL
estimation. However, their controlled and domain-specific nature limits validation under
real industrial operating conditions. These findings are supported across multiple studies
using benchmark datasets (e.g., C-MAPSS), like Luca et al. [11], Bemani and Bjorsell [12],
and Jakubowski et al. [13].

Table 4. Distribution of application domains in the selected studies.

Type of Industry Papers (%) References
Sector-unspecified Industry 4.0 context 48 [11-70]
Manufacturing 36 [71-115]
Robot 2 [116,117]
Stainless steel 2 [118,119]
Oil and Gas 2 [120,121]
Industrial machinery 2 [122,123]
Others < 1% each 3 [124-133]

(e.g., Food, Maritime, Medical, among others)

Table 4 also shows a concentration of studies in the manufacturing sector (36%), closely
associated with the higher availability of structured industrial data, sensor-equipped
systems, and instrumented test rigs. These conditions facilitate data collection, model
training, and validation, making manufacturing environments more accessible for Al-based
PdM research compared to other sectors. This trend is reflected in studies conducted on
industrial production systems, hydraulic rigs, and manufacturing datasets [75-77]. These
studies help explain why most research on manufacturing follows a dataset-first approach
(standardization, reproducibility and deployability), while making clear that industrial
robustness requires real-world, heterogeneous, streaming data for handling domain shifts,
concept drift, multimodal defects, and evolving operating envelopes that benchmarks or
static tables cannot capture.

The dominance of generalized Industry 4.0 and manufacturing datasets reveals a
clear gap in sectoral diversity, as complemented by Figure 4 that visually summarizes the
distribution reported in Table 4, and reinforces the dominance of some sectors. The limited
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representation of sectors such as maritime, food, and medical highlights a critical limitation
in the external validity of current PdAM models. These domains are characterized by
complex operating conditions, heterogeneous data, and stricter safety requirements, which
are not adequately captured by existing benchmark approaches. In particular, the maritime
industry, with its operations depending on heavy-duty machinery, variable environment
loads, and mission-critical reliability requirements, shows a domain with unique challenges,
such as fluctuating sea states, corrosion dynamics, fuel quality variability, and class-society
maintenance constraints, which should be prioritized in future PAM research. As a result,
the generalization of Al-based PdM solutions to real-world, particularly safety-critical
environments, remains limited.

Industry 4.0; 48 Manufacturing; 36

Robot; 2
Stainless steel; 2
Qil and Gas; 2

Others (e.g. Food, Maritime,
Medical, among others); 8

Industrial
machinery; 2

Figure 4. Distribution of the type of industry found in the selected articles.

In addition to sectoral concentration, the reviewed literature indicates that many stud-
ies frame PdM primarily as a modelling task, while giving less attention to the technological
stack that makes industrial deployment possible. Digital twins, knowledge graphs, graph-
based learning, and AloT architectures increasingly support system-level monitoring, fault
reasoning, and maintenance planning. These developments are particularly relevant in
Industry 4.0 because they connect predictive models with real-time data flows, semantic
asset representations, and interoperable decision support environments.

The reviewed literature is more mature in algorithmic benchmarking than in in-
dustrial validation. While many studies focus on improving model performance under
controlled and reproducible experimental conditions, fewer contributions address long-
term deployment, robustness under operational variability, or integration into maintenance
decision-making processes. This imbalance suggests that the field is still transitioning from
methodological development toward practical, real-world application.

While the reviewed studies address multiple industrial contexts, the distribution of
application domains is not homogeneous. The predominance of manufacturing-based case
studies is closely linked to the widespread availability of benchmark datasets and instru-
mented test rigs, which facilitate controlled experimentation and cross-study comparison.
However, this concentration also limits the generalization of proposed solutions, as sectors
characterized by complex asset interactions, long operational lifecycles, or stricter safety
requirements, such as energy, maritime transportation, and process industries, remain com-
paratively underrepresented. This imbalance suggests that domain selection in Al-based
PdM research is influenced, not only by industrial relevance but also by data accessibility
and experimental feasibility, which should be considered when interpreting the scope and
transferability of reported results.

RQ3—What are the most common Al algorithms applied in PdAM?

Analyzing the selected articles, it was possible to find the use of more than
57 algorithms applied to PAM. However, only 14 appear in more than 5% of the iden-
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tified studies. As shown in Figure 5, RF, SVM, Decision Tree (DT) and K-Nearest Neighbors
(KNNSs) were the most frequently reported algorithms, each more than 20%, indicating a
strong preference for mature and widely used machine learning approaches.

Principal Component Analysis
—_— 6%

Multilayer Perceptron
— 6%

Extreme Gradient
—_— 6%
Linear Regression
——) 7%

Convolutional Neural Network
—. OD

Gradient Boosting

® 11%
Logistic Regression

® 11%

Artificial Neural Network
® 11%

Naive Bayes

® 13%
Long-short Term

® 15%
K-Nearest Neighbors

® 21%
Decision Tree

® 24%
Support Vector Machine

® 28%
Random Forest

® 30%

Figure 5. The percentage of papers using algorithm.

In the case of RF, researchers frequently chose it in PdM studies for its robustness and
ability to manage high-dimensional, heterogeneous datasets. Gawde et al. [108] achieved
with RF a training accuracy of 100% in multi-fault diagnosis of rotating machines using
multi-sensor data fusion. Its ensemble structure mitigates overfitting by aggregating
multiple DTs, improving generalization across diverse operating conditions. RF also
provides intrinsic feature importance ranking, which supports explainability and aligns
with Industry 4.0 requirements for transparency. However, RF computational complexity
and memory usage increase with the number of trees, posing challenges for real-time
deployment in resource-constrained environments. RF is commonly adopted because of its
proven performance in complex, non-linear fault patterns, and its compatibility with XAI
techniques for local and global interpretability, offering a good trade-off of accuracy and
interpretability, and an auditable path via feature ranking and tree visualizations.

In PdM, another algorithm often used by researchers is the SVM. This algorithm
has been widely applied in PdM for its strong theoretical foundation, effectiveness in
high-dimensional spaces, and margin maximization. In some of the reviewed stud-
ies [20,108,130], SVM delivered moderate accuracy (76-95%) for multi-class fault clas-
sification, particularly when vibration and thermal features were combined. Its strength
lies in maximizing the margin between classes, which enhances robustness against noise
and small sample sizes. On the other hand, SVM requires careful kernel selection and
parameter tuning, and its scalability deteriorates with large datasets typical of IoT envi-
ronments. Researchers opted for SVM because it offers a well-understood baseline with
strong generalization under moderate sample sizes, multi-domain features, and has an
established record in fault diagnosis tasks.
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The use of DT models is favored for their simplicity and high interpretability, making
them suitable for PAM applications where transparency is critical. Isakovic et al. [130]
demonstrated that DT achieved 100% accuracy in predicting medical device conformity,
outperforming algorithms that are more complex in certain configurations. The DT hier-
archical structure allows direct visualization of decision rules, enabling domain experts
to validate predictions. This characteristic aligns with regulatory and operational require-
ments for transparent decision-making in industrial asset management. However, DT
models are prone to overfitting, especially with limited or noisy datasets, and their predic-
tive performance can degrade in highly non-linear, multi-fault environments. Researchers
select DT for its traceable, rule-based decisions (essential for regulatory compliance), ease
of implementation, interpretability, and compatibility with attribute selection techniques to
optimize performance.

The other algorithm widely used by researchers for PdM is the KNN. This algorithm
is often used because of its simplicity and effectiveness when the class structure in feature
space provides local neighborhoods that correlate with fault types, and when training
simplicity is desired. Gawde et al. [108] proposed a KNN that achieved 99% of accuracy
when combined with multi-sensor data fusion. Its non-parametric nature makes it adapt-
able to various data distributions without requiring complex model training. However,
KNN'’s computational cost during inference is high, as it relies on distance calculations
for all training samples, and its performance is sensitive to the choice of distance metric
and the value of k. Researchers selected KNN for its ease of implementation and strong
baseline performance in vibration-based fault diagnosis, particularly when feature scaling
and normalization were applied.

Across the reviewed studies, RF frequently reported robust performance and appeared
often in complex, multi-fault classification settings in Industry 4.0 environments. DT mod-
els exceed in interpretability, offering transparent decision-making, but are less scalable
for high-dimensional data. SVM provides strong theoretical guarantees and manages
non-linear boundaries effectively, yet its lack of intrinsic interpretability and sensitivity to
parameter tuning limits its practical adoption without XAI support. KNN offers simplic-
ity and competitive accuracy, but its computational inefficiency and reliance on distance
metrics constrain real-time applications. Overall, the reviewed studies suggest a trade-off
between predictive performance, interpretability, and computational cost. RF appears fre-
quently in studies reporting strong predictive performance for accuracy and resilience, DT
for transparency and regulatory contexts, SVM in handling complex boundaries, and KNN
as a simple, competitive baseline under physics-aligned feature spaces, reflecting a trade-off
between accuracy, interpretability, and computational cost in PAM algorithm selection.

The prevalence of traditional ML models highlights researchers’ preference for mature,
performant, and easy-to-implement approaches. However, a persistent gap emerges in the
lack of systematic explainability in model deployment. Even when more transparent models
are used, few studies contextualize the model behavior. This gap limits trust, adoption,
and actionable use of ML models in real operational environments. Future research should
combine traditional ML techniques with XAI frameworks to produce interpretable, physics-
consistent explanations that clarify why certain conditions indicate faulty evolution. Such
integration will support operational decision-making, facilitate regulatory acceptance, and
help bridge the gap between statistical predictions and domain-expert reasoning. Moreover,
the rationale behind algorithm selection is often underexplored, raising questions about
the alignment between algorithm capabilities and specific PAM objectives.

Explainability is also evolving beyond generic post hoc interpretation. Counterfac-
tual explanations, role-specific explanation design, and human-in-the-loop workflows
that incorporate operational feedback into the interpretation of model outputs are recent
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approaches. In PdM, the value of a prediction depends not only on whether it is correct
but also on whether engineers, operators, and maintenance managers can understand its
basis and translate it into effective intervention decisions. This perspective is particularly
important in PAM. Additionally, the field has been moving gradually beyond conventional
supervised classification models toward richer methodological ecosystems. These include
hybrid architectures that combine deep learning with physics-based or knowledge-based
reasoning, as well as transformer-based and graph-based approaches for complex temporal
and relational data. This approach can be an additional methodological path toward mod-
els that seek not only predictive accuracy but also robustness, transferability, and closer
alignment with industrial operating conditions.

While a wide range of Al techniques are reported across the reviewed studies, their se-
lection is not value-neutral and reflects implicit trade-offs between predictive performance,
interpretability, computational complexity, and deployment constraints. Deep Learning
(DL) approaches, particularly Convolutional Neural Network (CNN) and Recurrent Neural
Network (RNN), are frequently adopted due to their ability to model complex temporal and
high-dimensional patterns, especially when large, labeled datasets are available. However,
these benefits are often achieved at the expense of transparency, higher data requirements,
and increased computational cost.

In contrast, traditional ML methods such as RE, SVM, and ensemble techniques con-
tinue to be widely used, particularly in scenarios with limited data or where model in-
terpretability and robustness are critical for industrial acceptance. The coexistence of DL
and classical approaches indicates that algorithm choice is strongly context-dependent,
shaped by practical deployment considerations rather than predictive accuracy alone. This
pattern suggests that algorithmic performance in PAM should be interpreted in relation
to operational constraints and decision-making requirements, rather than as an abstract
measure of technical superiority.

RQ4—Which type of output are the studies focusing on?

While individual studies demonstrate the application of predictive models across
diverse industrial contexts, the aggregation of results reveals clear structural patterns in
the selection and use of output types in Al-based PdM.

As shown in Figure 6, the predominance of Failure prediction (32%), Fault detection
(22%), and RUL estimation (16%) reflects a strong alignment of research efforts toward
predictive-oriented tasks that can be quantitatively evaluated. These output types are
widely adopted because they are directly compatible with standard ML formulations
and well-established performance metrics, facilitating benchmarking and comparison
across studies.

Failure prediction refers to the forecasting of future failure events before they occur,
enabling proactive intervention and minimizing downtime. Across the analyzed studies,
this output is implemented in diverse industrial contexts, including chilled water systems in
commercial buildings [33] and industrial drying hopper [42], as an example, demonstrating
its adaptability and practical relevance. Both studies underscore that fault prediction is not
limited to detecting anomalies but extends to forecasting potential failure conditions based
on operational data patterns, thereby aligning with Industry 4.0 objectives of proactive
and data-driven maintenance. This predictive capability ensures improved equipment
reliability, optimized maintenance schedules, and reduced operational risks. Overall,
fault prediction is the primary output across domains because it may support preventive
interventions, reducing downtime, and aligning with Industry 4.0 requirements.
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Reduce Meantime to Repair; 1%

Figure 6. The output chosen in the selected papers (%).

While failure prediction aims to anticipate failures before they occur, fault detection
focuses on identifying deviations from normal operating conditions in real time, serving
as an early warning mechanism for maintenance intervention. Across the reviewed stud-
ies, this output is particularly relevant in industrial contexts where failure data is scarce
or incomplete, leading to the widespread adoption of unsupervised or semi-supervised
anomaly detection approaches. A representative example is given by Jakubowski et al. [13],
who formulate predictive maintenance as an anomaly detection problem using Variational
Autoencoders, demonstrating that models trained on operational patterns can effectively
identify abnormal system behavior, although performance may decrease in real industrial
environments due to variability and limited labeled data. This type of output enables
detection of degradation trends, making it suitable for real-world scenarios, acting as an
early indicator of abnormal wear (e.g., work roll degradation in the hot strip mill), and guid-
ing maintenance scheduling, avoiding catastrophic failures. Similarly, Polenghi et al. [44]
propose a three-step framework for fault detection and diagnosis in collaborative robots,
where anomaly detection plays a significant role in identifying deviations from nominal
trajectories. This framework focuses on real-time detection of abnormal operational states.
This approach exemplifies anomaly detection as a first-level PAM output. By autonomously
identifying deviations without prior labels, it supports condition-based maintenance and
lays the foundation for future prognostic capabilities. The studies collectively illustrate that
Fault detection is well suited to real-world PdM scenarios, particularly where labeled fail-
ure data is limited or unavailable. By identifying subtle deviations and degradation trends
in operational data, anomaly detection supports condition-based maintenance strategies
and enables earlier intervention before the occurrence of critical failures.

RUL estimation is another relevant output because it addresses a core maintenance
question: how much operating time remains before an asset fails? Across the reviewed
studies, this output is particularly relevant for maintenance planning, as it provides a
temporal horizon that supports intervention scheduling. For instance, De Luca et al. [11]
demonstrated that RUL can be effectively modeled as a regression problem using deep
learning architectures, achieving performance comparable to established LSTM baselines
on the C-MAPSS dataset. Similarly, Bemani & Bjorsell [12] showed that RUL prediction can
be successfully applied in distributed environments through federated learning approaches,
enabling model training across multiple sites without sharing sensitive data. In addition,
Jaenal et al. [59] confirmed the relevance of RUL estimation in complex industrial settings
by combining CNN and LSTM models, achieving competitive RMSE values and high-
lighting its role in supporting near real-time maintenance decision-making. These studies
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indicate that RUL estimation provides a more operational output than anomaly detection
alone, as it not only identifies potential degradation but also quantifies the urgency of
maintenance actions. The use of RMSE as the predominant evaluation metric reflects the
treatment of RUL as a continuous target, enabling direct quantification of prediction errors
in operational units. However, despite its strong potential to support decision-making, RUL
estimation remains largely focused on predictive accuracy rather than on its integration
into maintenance policies or decision-support frameworks. This suggests that, while RUL
estimation is a mature prognostic tool, its contribution to fully operational PAM systems
remains limited without closer integration with decision-making processes.

Although the reviewed studies report various output types, such as fault classification,
anomaly detection, health indicators, and RUL, their implications for decision-making are
often addressed only implicitly. Most contributions emphasize predictive performance at
the model level, while offering limited discussion on how these outputs are operationalized
with maintenance planning, scheduling, or intervention strategies. As a result, technically
accurate predictions do not necessarily translate into actionable maintenance decisions.
This observation highlights the gap between predictive outputs and decision support in
Al-based PdM research. Outputs such as RUL estimates or health scores require contextual
interpretation, uncertainty quantification, and integration with maintenance policies to
support real-world use. The limited emphasis on this connection suggests that many
studies remain focused on prediction accuracy rather than on the downstream processes
that determine practical value in industrial settings. While the reviewed literature is pre-
dominantly framed within the Industry 4.0 paradigm, recent conceptual developments
emphasize a transition toward Industry 5.0, characterized by human-centricity, resilience,
and sustainability. From this perspective, the analysis reveals that most Al-based PdM stud-
ies continue to prioritize automation, predictive accuracy, and efficiency gains (hallmark
objectives of Industry 4.0), while offering limited considerations of human-in-the-loop
decision-making, transparency, or organizational integration. Although some contributions
adopt advanced modelling techniques, these are often presented as technical enhancements
rather than as an element of a broader socio-technical transformation. Thus, many Al-based
PdM approaches appear to extend or rebrand Industry 4.0 practices rather than reflecting a
substantive paradigm shift toward Industry 5.0 principles. So, the need for future research
to move beyond performance-driven automation and to more explicitly integrate explain-
ability, human oversight, and resilience-oriented design as core objectives of PAM systems
is highlighted.

RQ5—What are the most common performance evaluation measures used?

The selected articles showed that most of the studies use more than one metric to
evaluate their models. As shown in Figure 7, from the selected articles, five performance
evaluation measures stand out from others: Acc (40%), Recall (32%), Precision (30%),
F1-Score (25%), and RMSE (23%).

In a deeper analysis of the studies reviewed, it was found that 15% of them use Acc,
Recall, Precision, and F1-Score together to address class imbalance and the asymmetric
operational cost of false alarms vs. missed detections. Although these metrics provide a
common basis for algorithmic comparison, their widespread use reflects evaluation conve-
nience rather than explicit alignment with maintenance decision-making requirements, as
they primarily assess predictive correctness instead of operational impact. Acc summarizes
the overall proportion of correct predictions (true positive + true negative of all samples),
which is overall correctness, but misleading if used alone. Precision quantifies the pro-
portion of predicted fault events that correspond to true fault events, thereby helping to
assess the false-alarm burden. Recall or sensitivity, quantifies the proportion of true fault
events correctly detected by the model, thereby helping to assess the risk of missed failures,
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trying to avoid missed failure detections. Many researchers rely on Precision and Recall
performance evaluation measures to expose the false alarms and missed detection, com-
pensating for the potentially misleading nature of Accuracy when used alone, eventually,
while F1-Score provides a balanced view when classes are imbalanced. Farooq et al. [39],
in their comparative analysis of ball bearing systems, evaluated several ML techniques
using these performance evaluation measures, highlighting that overall Acc alone was
insufficient because rare fault conditions could be overlooked without examining Precision,
Recall, and F1-Score. Similarly, Bezerra et al. [37] applied these metrics to assess multiclass
machine failure prediction, noting that Acc could mask poor detection of minority failure
types, making Precision and Recall essential for understanding how well rare but critical
faults were identified. Rahman et al. [42] also relied on this metric set when classifying
unusual events in industrial drying hopper operations, where extreme imbalance between
normal and abnormal conditions required Recall to prevent missed events and Precision to
minimize false alarms, with F1-Score offering a balanced view of model robustness under
such constraints. Collectively, these studies demonstrate that the joint use of Acc, Precision,
Recall, and F1-Score is not only standard but also necessary when PAM models produce
categorical outputs, ensuring that evaluation captures both overall correctness and the
operational relevance of correctly identifying minority fault or event classes. The choice of
these metrics directly correlates with the output type of the studies, e.g., machine failure
classes, bearing fault categories, or event vs. no-event detection. All these outputs require a
confusion-matrix-based evaluation to capture meaningful performance.

False positive rate [l 3%
Specificity [l 3%
2 I
Mean squared error - 6%
Confusion matrix _ 7%
Mean absolute error || NN NN 11
Root mean square error _ 23%
F1-score |, 2>/
Precision |, 50
Recall - | -2/
Accuracy |, 10%

Figure 7. Percentage of performance evaluation measures used in selected papers.

In comparison, it was found that the RMSE performance evaluation measure is con-
sistently adopted as a fundamental metric for evaluating PdAM models whose outputs
are continuous estimations, particularly RUL or numeric health indicators. Maktoubian
et al. [127] proposed a PdM framework where RMSE is explicitly employed to quantify
the validity of ML models predicting the RUL of chipper components, providing an inter-
pretable measure of deviation between predicted and observed degradation trajectories,
and supporting subsequent decision-making phases such as simulation-based cost and
safety. Furthermore, Jaenal et al. [59] introduced the MachNet architecture, where RMSE
served as a primary loss function and evaluation metric for both health state estimation and
RUL forecasting, reflecting its suitability for regression-oriented PdM tasks where precise
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numerical prediction is essential. The authors used RMSE to show their model’s com-
petitiveness across both simple and complex industrial scenarios. Bemani & Bjorsell [12]
employed RMSE as a primary evaluation metric to assess the performance of their PdAM
model for RUL prediction in a collaborative setting. RMSE was used to quantify the devia-
tion between predicted and true RUL values across the CMAPSS turbofan dataset, offering
a rigorous measure of regression accuracy within the distributed learning framework.
RMSE was used as an essential indicator of the model’s capability to provide reliable RUL
estimations under constrained and heterogeneous industrial conditions. These studies
illustrate that RMSE remains the most appropriate and widely adopted metric when PdM
objectives involve estimating continuous degradation measures or lifetime predictions,
as it captures both the magnitude and dispersion of prediction errors, thereby offering a
rigorous and interpretable measure of model performance.

The dominance of conventional evaluation metrics highlights a gap in operationally
relevant assessment, as these metrics quantify model correctness but not the real-world
impact of predictions in industrial asset management. The analysis of the reviewed studies
shows that only a very small subset explicitly reports business-oriented performance
indicators. Based on the classification of the output types (see RQ4), less than 5% of
the studies define objectives directly related to operational outcomes, such as “Improve
efficiency” (2%) or “Reduce meantime to repair” (1%), which can be interpreted as proxies
for business-oriented evaluation. In contrast, most studies (over 90%) focus exclusively on
technical performance metrics. Even among studies dealing with real industrial contexts,
the reporting of metrics such as downtime, cost savings, or system availability remains
scarce and is typically discussed qualitatively rather than quantified.

From a broader perspective, the predominance of generic performance metrics high-
lights a structural gap between academic evaluation practices and industrial maintenance
objectives. Metrics commonly reported in the reviewed studies rarely capture economic
consequences, operational risk, or decision timing, which are central to maintenance plan-
ning in real environments. As a result, models demonstrating high predictive accuracy may
still offer limited practical value if their outputs do not support cost-effective intervention
strategies or system-level optimization. This imbalance provides evidence of a persistent
gap between algorithmic evaluation and business-oriented assessment in Al-based PdM re-
search. This observation suggests that future research in Al-based PdM should complement
traditional performance measures with evaluation criteria explicitly linked to operational
outcomes, thereby strengthening the connection between methodological advances and
their practical impact. Standard ML performance metrics should also be complemented
with explainability-oriented assessments and operational indicators, ensuring a holistic
understanding of model effectiveness.

Industry 4.0 has primarily framed Al-based PdM around data-driven automation
efficiency, and productivity. However, emerging policy and scholarly work increasingly
situate industrial digitalization within an Industry 5.0 paradigm that explicitly emphasizes
human-centricity, sustainability, and resilience, placing worker wellbeing and society goals
alongside technological performance [134]. From a human-centricity perspective, Industry
5.0 shifts the emphasis from automating decisions to supporting human decision-making,
requiring transparency, explainability, and meaningful human oversight workflows [135].
In PdM, this implies that high predictive accuracy alone is insufficient if maintenance
personnel cannot understand, trust, and act on model outputs in a responsible and role-
appropriate manner.

With respect to sustainability and resilience, Industry 5.0 highlights the need to con-
sider broader system objectives (e.g., resource efficiency, risk reduction, and robustness
to disruptions) rather than purely technical model performance [134]. Yet, across the re-
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viewed studies, most Al-based PdAM contributions remain predominantly aligned with
Industry 4.0 automation, while only a limited subset explicitly integrates explainability or
human-in-the-loop supervision. This suggests that, in many cases, Industry 5.0 is not yet
reflected as a substantive paradigm shift in PAM research, but rather an emerging lens that
exposes current gaps and priorities for future work.

4. Conclusions

This systematic review explored how Al has been deployed for PAM within Industry
4.0 over 2014-2024, using a PRISMA-guided process to identify, screen, and assess the
literature. The results confirm a steady growth in Al-enabled PdM research and a strong
emphasis on manufacturing, standardized datasets, and benchmarked evaluation protocols,
reflecting both the maturing technological ecosystem and the drive for reproducibility. At
the same time, the evidence base remains concentrated in short-term or controlled studies,
which limits insight into long-horizon robustness, interpretability in practice, and sectoral
generalizability beyond manufacturing.

In relation to RQ1, the analysis revealed an increase in scientific output over recent
years, particularly in 2023, with 38 articles, in 2022, with 29, in 2021, with 24 and, in 2020,
with 11, reflecting growing industrial and academic interest. The overall results indicate a
clear increase in research interest in Al-enabled PdM, while also highlighting a persistent
lack of long-term real-world validation. Publication activity in Al-enabled PdM has in-
creased steadily, yet longitudinal, real-world validation studies remain scarce. Concerning
RQ2, the reviewed studies showed a strong concentration in manufacturing sectors, largely
driven by data availability, with limited representation of safety critical and infrastructure
intensive domains, such as maritime or medical areas. The results show that 48% of the
reviewed studies are conducted in ‘Sector-unspecified Industry 4.0 context’, while 36%
are concentrated in manufacturing environments, highlighting a strong dependency on
data availability and benchmark accessibility. Addressing RQ3, the findings indicate that
algorithm selection is context-dependent, with DL methods favored for complex pattern
recognition tasks and traditional ML approaches remaining relevant where interpretability,
data efficiency, and robustness are prioritized. Thus, traditional ML, including RF, SVM,
DT, and KNN, in 30%, 28%, 24%, and 20%, respectively, of the reviewed studies, are increas-
ingly prominent in PdM, particularly for complex temporal data, maintenance scheduling,
and multi-source integration. These techniques are often chosen for their robustness and
benchmark performance, although they are rarely paired with systematic explainability.
With respect to RQ4, the most frequent output types identified from the reviewed studies
were Failure prediction (32%), Fault detection (22%), and RUL estimation (16%), confirming
a predominance of predictive oriented approaches in PdM research. Most studies focus
on predictive outputs such as fault classification and RUL estimation, yet often provide
limited discussion on their operational integration into maintenance decision processes.
Finally, RQ5 revealed a dominant reliance on generic performance metrics. Typically, it
involves multiple performance metrics, relying heavily on confusion-matrix metrics (Acc,
Precision, Recall, and F1-Score) for classification, and RMSE for continuous targets such
as RUL, reflecting a methodological preference. The reviewed studies show mostly the
use of performance metrics like Acc (40%), Recall (32%), Precision (30%), F1-Score (25%),
and RMSE (23%). However, a disconnection between algorithmic evaluation practices
and the economic and operational objectives that are central to industrial maintenance is
found in the literature. Although these metrics represent standard ones, they may not fully
capture the operational impact of PAM. On the other hand, less than 5% of the reviewed
studies address objectives directly related to operational outcomes. In this context, it is
important to try to correlate these performance metrics with industry management goals.
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Incorporating business-oriented and operational performance indicators such as downtime
reduction and maintenance cost savings would enhance the relevance of AI models to
industrial stakeholders. Collectively, these patterns reveal a methodological strength in
benchmarking, but a translational gap between predictive performance and actionable,
auditable maintenance decisions in the field.

In most cases, researchers rely on widely used benchmarks. This procedure has accel-
erated algorithmic progress and comparability, including recent modular and federated
architectures, but it also amplifies risks of domain bias when transferring to sectors with
different physics, duty cycles, and data regimes. This underscores the need for domain-
grounded validation as well as privacy-preserving collaboration schemes where data
cannot be centralized. In addition, for researchers, RMSE remains appropriate for RUL
estimation, and confusion-matrix metrics for classification are the most used performance
evaluation measures.

These findings provide an integrated perspective on both the progress achieved and
the limitations that continue to constrain the practical adoption of Al-based PdM solutions.
The review also indicates that the future of Al-enabled PdAM will likely depend on the
convergence of several still non-integrated research streams, such as digital twins for
virtual asset representation, federated and privacy-preserving learning for distributed
environments, explainable Al for transparent decision support, and hybrid frameworks
that combine data, knowledge, and physics-driven modelling.

Overall, this review provides a structured synthesis of current trends in Al-based PdM,
while also identifying several persistent limitations that constrain its practical applicability.

Among these, the most critical gap is the lack of real-world and long-term industrial
validation. Most studies rely on short-term experiments, controlled environments, or
benchmark datasets, which limit the understanding of model robustness under evolving
operational conditions and hinder their reliable deployment in real industrial settings.

A second major limitation concerns the limited sectoral diversity observed in the
literature. Current research is heavily concentrated on manufacturing environments and
widely used benchmark datasets, while sectors such as maritime, food, and medical,
and other asset-intensive domains remain underrepresented. This imbalance limits the
external validity of proposed solutions and reduces transferability to complex and safety-
critical applications.

In addition, the integration of XAI techniques constrains model transparency and
interpretability. Although some studies incorporate interpretable approaches, the majority
still prioritize predictive performance over explainability, thereby limiting trust, regulatory
acceptance, and effective human—machine collaboration in industrial contexts.

Finally, a weak linkage persists between algorithmic performance evaluation metrics
and operational decision-making indicators. Most studies rely on traditional evaluation
measures, with limited consideration of business-oriented metrics, including downtime
reduction, maintenance costs, system availability, or operational risk. As a result, improve-
ments in predictive performance do not necessarily translate into actionable or economically
meaningful maintenance strategies.

Taken together, these limitations reveal that, despite significant methodological
progress, the field remains constrained by a gap between experimental validation and
real-world applicability. In this context, the most urgent priority for future research is
the development and validation of Al-based PdM solutions in real industrial environ-
ments over extended time horizons, as this is essential to ensure robustness, reliability, and
effective integration into maintenance decision-making processes.

Future evidence syntheses should widen the keyword set and language coverage,
incorporate industry reports, and expand to under-represented sectors to ensure broader
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external validity. At a methodological level, it is encouraged to report not only what works
on benchmarks but also why and how models generalize under real operating variability,
documenting explanation pathways alongside performance numbers, relating both to asset
management indicators. Advancing these lines will help close the current gap between
technical progress and operational relevance, strengthening the bridge between Al and
PdM, enabling transparent, reliable, and value-aware maintenance decisions in Industry 4.0
and beyond.

5. Limitations and Future Research Directions

This review has several limitations, including the selected keyword set, database
coverage, language restrictions, and time window. In the literature review, a lack of
representation of certain industrial sectors, particularly the maritime and naval industries,
healthcare, and other asset-intensive sectors, was seen. In addition, many primary studies
rely on short experiments, simulations, or single-site datasets, instead of multi-year report
validation, lifecycle drift, or stability of explanations under changing operating conditions.
Additionally, the limited adoption of XAI techniques in PdM applications presents a
methodological gap. Most studies focus on the use of traditional ML techniques without
considering the interpretability and transparency of the results obtained by the AI models.
This lack of explainability can hinder trust and acceptance among industrial decision-
makers. Across most studies, performance metrics were used to evaluate the output of the
Al algorithms to prove their quality, rarely including a link to operational indicators. Even
where traditional ML techniques were used, systematic reporting of why models work is
limited, hindering auditability and adoption in regulated environments.

To address these limitations, future research should undertake a more comprehensive
search with a broader selection of keywords, including non-English sources, and expand
the scope to underrepresented sectors. Among the underrepresented sectors, maritime
systems constitute an important example because they rely on complex mechanical as-
sets and demand high operational reliability. Future research should also build open or
controlled-access datasets with multi-year horizons across assets, seasons, and maintenance
cycles to study drift, model recalibration cadence, and explanation stability. When using
shared benchmarks, it should require paired field validation to quantify domain shift
and communication constraints. In the case of methods and modelling, research should
improve in a model design that complement traditional ML techniques with XAlI, prioritiz-
ing baselines that are explainable by design to provide auditable rationales aligned with
asset physics and class-society audits. In the performance evaluation measures, dual-track
metrics, complementing traditional techniques with operational indicators (unplanned
downtime avoided, maintenance cost variance, mean time between failures, availability,
fuel/energy impact), provide a robust and trustworthy model to decision-makers.

Thus, integrating XAl and validating models in real-world industries, like maritime,
will be essential to advancing the practical relevance and adoption of Al tools in PdM.
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